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1 Introduction to the Clustering R Shiny tool
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R is a powerful statistical programming language that allows us to perform data analysis,
which is useful for mathematical modeling. Even better, we have set up a set of online
tools using R Shiny so that you can perform various mathematical modelling tasks without
any coding background.
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In particular, the Clustering R Shiny tool provides an interactive way to explore different
clustering methods and visualize the clustering results. Users can upload a two-dimensional
dataset and apply different clustering methods, including partitional clustering, hierar-
chical clustering, density-based clustering, and other clustering methods. The resulting
clusters can be visualized directly on the graph.
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Here is the guideline on how to use our Clustering R Shiny tool.
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2 Using the Clustering R Shiny tool
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To use the tool, please visit our main website:

MEMA TR > ATEr R T4
https://cuhkmathmodel. com/

for the list of tools, or simply go to
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https://mathmodelcuhk.shinyapps.io/clustering/
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for the Clustering R Shiny tool.
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After getting into the website, you can see the following:
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Don’t worry if you think this is complicated! We will guide you step by step, and you can
perform clustering using our R Shiny tool.
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2.1 Data input
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The input dataset should contain two columns of data representing the x and y coordinates
of the data points.
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Input your data here in csv

Xy
1.5,40.6
3.8,65
8.9,70.8
10,78
12,84
20,108.5

The data can be uploaded in CSV, XLSX, or TXT format. Each row represents one data
point, with the two columns corresponding to its x and y values.
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2.2 Interactive visualization of different clustering methods
ANRIZRE TR BB XA B AL
The tool provides several clustering methods for analysing two-dimensional datasets.

These methods can be grouped into different categories, including hierarchical clustering,
partitional clustering, density-based clustering, and other clustering methods.
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After selecting a clustering method, the corresponding parameters and options will be
displayed. Users can adjust the parameters and observe how the clustering result changes
in the graph.
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2.3 Hierarchical clustering
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Hierarchical clustering builds a hierarchy of clusters and provides a different way of
analysing the relationships between data points. The tool supports both agglomerative
and divisive hierarchical clustering methods
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2.3.1 Agglomerative clustering
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Agglomerative clustering starts by treating each data point as an individual cluster and
progressively merges clusters according to their similarity. The user can specify the desired
number of clusters and select a linkage method to determine the distance between clusters.

BERA R E Ui B M BIRR A A8 el - AR HAHLREZ S &



O o (EFIE AT AR E PR e ORFAH B H > MR ELE S 7 15 AR E AN R REAE 2 P A B -

After selecting “Agglomerative”, adjust the “Number of clusters” and choose a “Linkage
Method”. The available linkage methods include Single Linkage, Complete Linkage, Group
Average, Weighted Group Average, Centroid, Median, and Ward’s Method.
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The clustering result will be displayed in the graph. Users can change the number of
clusters or linkage method to compare different clustering results.
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2.3.2 Divisive clustering

Divisive clustering takes the opposite approach. It starts with all data points in one
cluster and progressively divides the data into smaller clusters.
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Select the divisive clustering method and adjust the corresponding parameters. The
clustering result will be displayed on the graph for interactive exploration.
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2.4 Partitional clustering
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Partitional clustering divides the data points into a specified number of clusters. The
Clustering R Shiny tool provides two commonly used partitional clustering methods:



K-means and K-medoids.
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2.4.1 K-means clustering
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K-means clustering divides the data points into k£ clusters according to their similarity.
The user can choose the number of clusters k, and the tool then assigns the data points
to the corresponding clusters.
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Adjust the value of k£ using the corresponding control. The clustering result will be
updated accordingly, and the data points belonging to different clusters will be displayed
separately on the graph.
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2.4.2 K-medoids clustering
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K-medoids is another partitional clustering method. Similar to K-means, the user specifies
the number of clusters, and the data points are divided into the selected number of groups.
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Select “K-medoids” as the clustering method and adjust the corresponding parame-
ters. The resulting clusters are displayed interactively on the graph.
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2.5 Density-based clustering

The tool also provides density-based clustering through the DBSCAN method. Unlike
methods that require the number of clusters to be specified directly, DBSCAN identifies
clusters according to the density of data points.
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Select “DBSCAN” as the clustering method and adjust the corresponding parameters.
The resulting clusters are then displayed on the graph, allowing users to observe groups
of data points with different densities and identify points that do not belong to the main
clusters.
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2.6 Other clustering methods
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In addition to the methods described above, the tool also provides other clustering meth-
ods for exploring different structures in two-dimensional datasets. Users can select the
corresponding method from the clustering options and adjust the available parameters.
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Different clustering methods may produce different grouping results for the same dataset.
Therefore, users can compare the visualized results obtained from different methods and
investigate how the choice of clustering method affects the identified clusters.
HRE—AHBIR - AR T E AT B A AR R AR - B - A
?%tbﬁﬁ?ﬁlﬁlﬁ%ﬁﬂ%ﬁ AR TG R - S PR AT SRR U7 12 A 2 0 T 2 28 Pl o | O
% -

2.7 Visualizing the clustering results
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After selecting a clustering method and adjusting its parameters, the tool displays the
clustering result graphically. Since the input data are two-dimensional, the data points
can be plotted directly according to their x and y values.
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The visualization allows users to identify which data points belong to the same clus-
ter and to observe the spatial structure of the dataset. By changing the clustering method
or its parameters, users can interactively compare different clustering results.
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Data points belonging to different clusters are displayed separately, making it easier
to distinguish the identified groups.
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2.8 Exporting the clustering results

After performing clustering, the tool provides the option to output the cluster labels as a
CSV file. The output can be used for further data analysis or mathematical modelling.
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The cluster label indicates the cluster to which each data point has been assigned.
Users can save the output and use it together with the original dataset for subsequent
analysis.

AL PR IR B RAR B I oy BCBIAOREAH o (2 A AT DURE A7t OAS R » i HL 5
JFIRBUR A & > DUEITIRE AT

3 Conclusion

Clustering is a useful tool in mathematical modelling for identifying groups and patterns
in datasets. By considering different clustering methods, including partitional clustering,
hierarchical clustering, and density-based clustering, we can explore different structures
within two-dimensional datasets. We hope that this R Shiny Clustering tool may help
you with your mathematical modelling journey. Good luck!
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